A probabilistic study of a circular tunnel excavated in a soil mass using the response surface methodology (RSM) is presented. A deterministic model based on two-dimensional numerical simulations in a transversal section is used, and the serviceability limit state (SLS) is considered in the analysis. The model permits the surface settlement curve and the bending moment on the tunnel lining to be obtained. Only the soil parameters are considered as random variables. The first-order reliability method (FORM) and the response surface methodology (RSM) are utilized for the assessment of the Hasofer-Lind reliability index (b HL ) optimized by the use of a genetic algorithm (GA). Two assumptions (normal and non-normal distribution) were used for the random variables. The comparison analysis considering a correlation between the friction angle and the cohesion indicates that the results are conservative if a negative correlation among strength parameters is not taken into account. The assumption of a non-normal distribution for the random variables has an important effect on the reliability index for the practical range of values of surface settlements.
Introduction
Traditionally, the analysis of the behavior of a tunnel is based on deterministic approaches, where the uncertainties of the geomechanical parameters are addressed through a global safety factor. To account more rigorously for uncertainties, the reliability theory is used. This permits the hazards of each uncertain parameter to be taken into account via its probability distribution. These approaches have the advantage of providing the system response (the maximum displacement, the safety factor, etc.), by not only a single value representing its mean but also its mean and variance, or its reliability index or its probability of failure. Thus, the reliability approaches allow for consideration of the effect of the propagation of uncertainties of the input parameters on the response of the system using a mechanical model of the system studied. In recent years, the design based on reliability analysis was applied to geotechnical engineering, and it has attracted much research interest, e.g., Gong, Huang, Juang, Atamturktur, & Brownlow, 2015; Gong, Wang, Juang, Zhang, & Huang, 2014; Hoek, 1999; Li, Li, & Su, 2016; Low & Einstein, 2013; Lü , Chan, & Low, 2012; Lü , Chan, & Low, 2013; Lü , Sun, & Low, 2011; Lü , Xiao, & Ji 2017; Mollon, Dias, & Soubra, 2009a; Mollon, Dias, & Soubra, 2009b; Oreste, 2005; Wang, Fang, & Shen, 2016; Zeng, Senent, & Jimenez, 2016) . The reliability-based analysis and design of tunnels mainly focuses on the excavation-induced instability of the advancing face and the stressed soil mass, the deformation and capacity of the support, and so on. Hoek (1999) presented a probability analysis of a circular tunnel using the Monte Carlo simulation (MCS). Li and Low (2010) used a first-order reliability method (FORM). ; Lü , Sun, and Low (2011) compared the firstand second-order algorithms of Low and Tang (2007) to calculate the reliability index of a circular tunnel subjected to a hydrostatic stress field. Zhang and Goh (2012) calculated reliability indexes of serviceability under ultimate limit constraints. They recommended safety factors for different ground conditions. Goh and Zhang (2012) used the FORM incorporated with a back-propagation neural network to calculate the probability of failure. Wang et al. (2016) used a meta-modeling technique based on improved radial basis functions for an approximation of the performance function of a circular tunnel numerical model. Goh, Zhang, Zhang, Zhang, and Xiao (2017) presented a new assessment approach that combines the use of a multivariate adaptive regression splines (MARS) approach and the logistic regression (LR) method. The proposed MARS_LR model can capture and describe the intrinsic and complex relationship between the input descriptors and the response without any assumptions. Mollon, Dias, and Soubra (2009a) , Mollon, Dias, and Soubra (2009b) also presented a reliability analysis of a deep circular tunnel in a homogeneous soil using a numerical model, the firstorder reliability method and the response surface methodology (RSM). However, these tunnel reliability analyses did not consider the interaction of the earth response with the tunnel lining. Alternately, probabilistic studies based on limited analysis models were also presented (Mollon, Dias, & Soubra, 2009a , 2010 , 2011a , Mollon, Phoon, Dias, & Soubra, 2011 , Mollon, Dias, & Soubra, 2012 , 2013b . These simplified models have permitted a drastic reduction in the time required for calculation compared with 3D numerical approaches (Mollon, Dias, & Soubra, 2011b; Mollon, Dias, & Soubra, 2013a; Mollon et al., 2009b) . The phenomenon of the interaction between the excavation process, the tunnel lining and the ground reaction is a three-dimensional (3D) problem. However, twodimensional (2D) calculations based on the simplified convergence-confinement method are still the most common approach of engineers in current projects during the design phase.
This study presents the reliability of a circular tunnel at the serviceability limit state. The soil used is clayey sand. Settlements at the surface and lining bending moments are considered in this analysis. Regarding the deterministic model, it is based on 2D numerical simulations using the software FLAC 2D . The uncertainties of the geomechanical parameters of the soil are considered in the design. The convergence-confinement method (CCM) is employed to perform the ground-support interaction analysis. The first-order reliability method (FORM) and the polynomial response surface method (RSM) optimized by a genetic algorithm are used to find a performance function approximation and derive the reliability index of Hasofer Lind (b HL ). The influence of the normal and non-normal parameter distributions and of the correlation between the strength parameters and the failure probability is studied.
Reliability analysis using FORM based on RSM

Reliability index and the FORM method
To show the influence of the uncertainty of soil parameters, there are different methods of reliability that have been proposed to assess the probability of failure. Among the most famous is the FORM method, which necessitates the use of the mean and the variance with a distribution of random variables. The probability of failure is then estimated from the reliability index.
The b HL reliability index was proposed by Hasofer and Lind (1974) , and correlated normal variables can be deduced by a geometric interpretation. The formulation of the matrix of the Hasofer Lind index correlated to the normal was presented in (Hasofer & Lind 1974 MIT 1974 Ditlevsen 1981 :
where x is a vector representing the set of random variables x i , m the vector of mean values, C the covariance matrix, and F the failure domain. According to Eq. (1), the Hasofer-Lind index can be regarded as the minimum distance between the point of the mean values of the random variables and the performance function. In this paper, the method of Low and Tang was used. They set up a tilted ellipsoid and used an optimization algorithm to minimize the dispersion ellipsoid. The concept of an iso-probability ellipsoid leads to a simpler calculation method for the reliability index with the original physical variables (Fig. 1) .
They demonstrated that the reliability index of Hasofer Lind was equal to the ratio between the axes of the critical Fig. 1 . Design point and equivalent normal dispersion ellipses in the space of two random variables (example of a 2D case). dispersion ellipsoid (that is to say, the smallest ellipsoid dispersion tangent to the boundary surface condition) and the ellipsoid in unit dispersion (the one obtained for b HL = 1 in equation (1), without minimization). They also demonstrated that finding the critical dispersion ellipsoid is equal to finding the most likely point of failure, at the point of tangency between the ellipsoid and the limit state surface, which is called the design point (Fig. 1) . b HL can then be expressed as (Low & Tang, 1997 , 2004 :
in which [R] À1 is the inverse of the correlation matrix. This equation will be used to set up the ellipsoid since the correlation matrix [R] displays the correlation structure more explicitly than the covariance matrix [C] .
To extend the Hasofer-Lind method to the case of nonnormal random variables, Rackwitz and Fiessler (1978) proposed the transformation of each non-normal random variable into an equivalent normal random variable with a mean l N and a standard deviation r N . This transformation allows for estimation of a solution in the reduced space using the procedure explained in the previous paragraphs. The equivalent parameters evaluated at the design point X Ã i are given by:
where U[.] and /[.] are the CDF (Cumulative Density Function) and PDF (Probabilistic density Function) of the standard variables, respectively, and F Xi (.) and f Xi (.) are the CDF and PDF of the original non-normal random variables. Eqs. (3) and (4) are derived by equating the cumulative distribution functions and the probability density functions of the actual variables and the equivalent normal variables at the design point on the limit state surface. For correlated non-normals, the ellipsoidal perspective ( Fig. 1 ) and the constrained optimization approach still apply in the original coordinate system, except that the nonnormal distributions are replaced by an equivalent normal hyper-ellipsoid, centered not at the original mean of the non-normal distributions but at the equivalent normal mean m N . Based on the reliability index, the probability of failure can be evaluated from
where U (.) is the CDF of the standard normal variable.
Reliability analysis based on RSM
In practice, if the function of the limit state is known explicitly, the reliability index can be explicitly calculated. However, in many complex problems, in the case of nonlinearity or the use of numerical simulations, the objective function is difficult to explicitly determine in terms of random variables, making it difficult to use the FORM method directly. This problem can be removed by the RSM.
The RSM contributes to the acquisition of a polynomial function of the performance function G (x). RSM was described by Box and Wilson (1951) , and it has since been used in many civil engineering fields for reliability analysis (Low et al., 1997 , 2004 , Mollon et al. 2009a Mollon et al. 2009b , Low, 2014 , Zhao, Zuo, Lin, Li, & Zhang 2015 . The approximate performance function was widely used in the literature in the quadratic polynomial form. It uses a second-order polynomial with squared terms. The expression of this approximation is given by Eq. (6).
where x i are the random variables, n is the number of random variables, and (a i , b i ) are coefficients to be determined. The parameters (a i , b ij ) of Eq. (6) are classically determined using the iterative method, which seems expensive in terms of computation time (Youssef Abdel Youssef Abdel Youssef Abdel Youssef Abdel Youssef Abdel Massih & Soubra, 2008 and Mollon et al., 2009a; Mollon et al., 2009b) . In this paper, the parameters (a i , b ij ) will be determined by genetic algorithm optimization (Bouacha, Yallese, Khamela, & Belhadi 2014; Hamrouni, Dias, & Sbartai 2017) . The coefficients (a i , b ij ) are determined from a limited number of deterministic numerical calculations using data values of the variables x i , using a regression based on the least square method.
Several optimization methods have been developed; however, the most successful of them have already reached their limit. Although they provide good results in most situations, they do not yield a practical solution when the problems addressed reach a certain size and/or significant complexity. For this reason, the present work has been directed towards methods that ensure convergence to the optimal solution in spite of the complexity and the size of the problem to be optimized. The idea was to use robust search mechanisms and be able to adapt to any environment and any constraints. This is why researchers have turned to the adaptation of natural mechanisms to solve problems or improve existing technologies. Among these adaptations are genetic algorithms (GA).
A genetic algorithm is a search heuristic that mimics the process of natural selection. This type of algorithm can be used to generate useful solutions to optimization problems using techniques inspired by natural evolution, such as inheritance, mutation, selection and crossover.
In the studied problem, the parameters in the optimization problem are the variables a i and b i . They are translated into chromosomes with a data string.
An initial population is necessary to begin the genetic algorithm procedure. The population size depends on the nature of the problem but typically contains several hundred or thousand possible solutions (in our study, a number of 100 was chosen). Traditionally, the population is generated randomly, covering the entire range of possible solutions (the search space, Tang, Man, Kwong, & He 1996) . The genetic algorithm stops its search when one of the following conditions is met:
-Maximum number of generations that the genetic algorithm will perform. The maximum number chosen in this work is 200, -If the best fitness value is less than or equal to the fitness limit value. The fitness limit defined is equal to 10 À6 , -If the weighted average change in the fitness function value over the stall generations is less than the function tolerance. The stall generations number adopted is 100, -If the cumulative change in the fitness function value over the stall generations is less than the tolerance function. The tolerance function value adopted in this work is 10 À4 .
The minimum square error is used as the fitness function in the GA approach to compare the results obtained with Eq. (6) and the numerical results. This permits the values of (a i , b i ) to be determined. There are no constraints on the parameters (a i , b i ).
A range of possible solutions is obtained from the variable space, and the fitness of these solutions is compared. If a solution is not obtained, a new population is created from the original (parent) chromosomes. This is achieved using 'crossover' and 'mutation' operations. Crossover involves gene exchange from two random (parent) solutions to form a child (new solution). Mutation involves the random switching of a single variable in a chromosome and is used to maintain population diversity, as the process converges towards a solution.
A flow chart detailing the operation of the GA process is shown in Fig. 2 .
The GA stop criteria is crucial and probably the most difficult to define. Because a GA is a global and stochastic optimization technique, it is rather difficult to know when the algorithm has reached its optimum. Using the measure of convergence of the minimum square error (MSE), it is possible to compare the performance of the GA during the optimization process.
Presentation of the numerical model
Geometry
Parameters from the Italian Bologna-Florence highspeed railway line tunnel project have been adopted in this numerical modeling as the reference case (Croce 2011; Do, Dias, Oreste, & Djeran-Maigre 2014) . The project involves the excavation of a tunnel in Bologna. The tunnel has an external excavation diameter of 9.4 m and an internal diameter of 8.3 m, yielding a useful section of 46 m 2 .
The depth of the tunnel excavation is 20 m below the ground surface. The excavated soil is clayey sand. The main parameters adopted in this study as a reference case are summarized in Table 1 (Croce 2011; Do et al. 2014) . The soil behavior is assumed to be governed by a linear elastic-perfectly plastic constitutive relation based on the Mohr-Coulomb failure criterion. It is well known that a model of elastic-perfectly plastic behavior with a MohrCoulomb failure criterion is not able to accurately reproduce the ground motion induced by excavation. Nevertheless, most probabilistic finite-element calculations are still performed using simple constitutive models because they require a limited number of parameters, and the calculation times tend to be lower than those of advanced soil models (e.g., Lü , Sun, & Low 2011) .
The tunnel lining is composed of prefabricated reinforced concrete segments. Each prefabricated concrete ring of 1.5 m has a section diameter of 9.1 m and is 0.4 m thick. The behavior of the tunnel structure is assumed to be continuous (no joints are considered between segments) and linear elastic. Some parameters of the reference structure are summarized in Table 1 .
In this study, numerical simulations were performed using the finite difference program FLAC2D (Itasca Consulting Group., 2011), which provides flexible functionality for the analysis of common parameters. Fig. 3 shows the 2D numerical model. In the numerical model grid, the size of the elements increases as one moves away from the tunnel. The numerical model is 240 m wide in the x direction and 60 m in the y direction and consists of approximately 7500 zones. The nodes on the vertical boundaries were fixed in directions perpendicular to y, while the nodes at the base of the model were fixed in both directions.
The volume was studied in discrete quadrangular zones. The tunnel ring was modeled using the liner element (Do et al. 2014) .
Two-dimensional numerical studies using the convergence-confinement method (CCM) have already been conducted by other authors (Bernat, 1996; Hejazi, Dias, & Kastner 2008; Li & Low, 2010; Svoboda & Masin 2009; Lü, Sun, & Low 2011; Dias & Kastner 2012; Do et al., 2014; Janin 2012; Janin et al. 2013 , .Zhang & Goh, 2015 Zhang & Goh, 2016) . Their works noted that, in certain geotechnical and construction conditions, the CCM method can correctly simulate the final surface settlement, but it requires a priori estimation of the stress relaxation ratio. In fact, the stress relaxation ratio is usually specified on the basis of a back analysis that uses experimental data obtained from a tunneling process.
The choice of the CCM method is based on a comparative study with 3D numerical results, which were introduced to estimate the accuracy of these equivalent 2D approaches. The surface settlements and the structural lining forces determined with the CCM are in better agreement with the 3D numerical results than those obtained with the Volume Loss Method (VLM) (Do et al., 2014.) In the present study, the deconfinement process has been performed using the CCM method in three phases as follows:
1. Phase 0: Initial state of stress (r 0 ) considering no excavation. The first calculation step of the numerical excavation process consists of setting up the model and assigning the boundary conditions and the initial stress state, taking into consideration the influence of vertical stress with the depth gradient under the effect of the gravity field. At the end of this phase, the initial stress state is stored for all the points on the tunnel wall, 2. Phase 1 (Deconfinement phase): The excavated ground inside the tunnel is deactivated, and a radial pressure is simultaneously applied to the tunnel circumference towards the ground medium. The value of this pressure is calculated using Eq. (8). This pressure depends on the values of initial stresses (see Fig. 4 ) and is not constant around the tunnel circumference.
where r: radial pressure (kN/m 2 ); r 0 : initial stress in the ground medium (kN/m 2 ); and k d : stress relaxation coefficient. This radial pressure applied to the excavation circumference is reduced step by step until its value reaches the specified stress relaxation k d . 3. Phase 2 (Installation of the tunnel lining): The lining system is activated, and the total relaxation (k d = 1) is applied.
Parametric study Fig. 5 shows the vertical movements at the soil surface. It is evident that the value of the settlement increases approaching the tunnel and that the maximum value is located at the tunnel axis due to symmetry conditions. Thus, the settlement decreases away from the center tunnel. This could be attributed to the fact that the stress relaxation limits the tunnel deformation to the surrounding soil. Table 1 Mechanical properties of soil and concrete (Do et al. 2014 ).
Parameter
Clayey sand Tunnel lining
1 7 2 5 Earth pressure coefficient at rest (K 0 ) 0.5 -In Fig. 6 , the lining structural forces in terms of bending moments are presented. Due to the low value of K 0 , the maximum bending moment determined when the CCM is used typically occurs on the tunnel bottom. In this study, the coefficient k d is set equal to 0.65. This value was obtained by Do et al. (2014) and deduced from a back analysis using 3D calculations. Theoretically, the coefficient k d can reach a maximum value of the unit corresponding to the case of a total relaxation of the tunnel walls.
Reliability analysis of a circular tunnel
Influence of soil parameters on the circular tunnel The Hasofer-Lind index of reliability is adopted to calculate the reliability of the shallow circular tunnel excavation. The uncertainties of all input parameters of the soil can be considered but will result in a very important number of numerical calculations. The probabilistic methodology (RSM) becomes very costly in computation time when the number of random variables increases. To reduce the calculation time, a parametric study has been used to define which input parameter has influence on the tunnel behavior. The output parameters considered are the maximum surface settlement and the maximum bending moment, respectively named S max and M max .
To check the influence of the geomechanical parameters, the maximum settlement and the maximum bending moment were calculated for the reference case (S ref = 6.91 mm and M ref = 42.5 kNÁm). Then, calculations were performed to study each parameter's influence in a given range defined by its minimum and maximum values (Table 2) . When studying the influence of one parameter, the other parameters are kept to their reference value.
Figs. 7 and 8 show the results of this parametric study. The main soil parameters that influence the surface settlements are the friction angle, Young's modulus, unit weight and cohesion. For the bending moments on the tunnel lining, only the Young's modulus and unit weight have an influence. The other parameters have a negligible effect (less than 10%).
Performance function for the probabilistic study Probabilistic models for the serviceability limit state are described to visualize the 2D limit state surface of the ellipse corresponding to the critical dispersion; four random variables (the angle of internal friction, cohesion, Young's modulus and unit weight) are used in this study for the surface settlement, and two variables (Young's modulus and unit weight) are used for the lining bending moment. The values chosen for the mean and for the coefficient of variation of the soil parameters are presented in Table 3 . For the probability distribution of the random variables, two cases are studied. In the first case, u, C, E and c are considered as normal variables. In the second case, referred to as non-normal variables, C, E and c are assumed to follow a log normal distribution, and u is considered as a Beta distribution to better represent the friction angle (Fenton & Griffiths 2003; Harr 1987) . The parameters of the Beta distribution law are determined from the mean value and standard deviation of the friction angle u. For these two cases, correlated and uncorrelated u and C variables are considered.
Two performance functions have been implemented. The one for the settlement study is given by: 
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For the bending moment study, the performance function is given by the following equation:
where v max and M max are the maximum surface settlement and the maximum lining bending moment calculated by the numerical model, respectively. The failure thus occurs when the maximum surface settlement v and the maximum liner bending moment M (output variables of the numerical model) become greater than v max or M max . Several values for v max and M max were defined and will be presented in the next paragraph. The numerical implementation of the algorithm of the response surface method optimized by a genetic algorithm is presented here. The only difference between the settlement and the bending moment case is the number of variables studied as follows:
1. With the deterministic numerical model, perform calculations to obtain the maximum surface settlement (v) and the lining bending moment (M) using the values Low, 2004) for accuracy of the convergence design points; thus, the total number of samples is equal to 5 n , where n is the number of random variables chosen. In total, 625 configurations were used for the calculation of the surface settlement, and 25 were used for the lining bending moments. 2. For the performance functions, the quadratic function presented in Eq. (6) was used. Values of (a i ) and (b i ) of the two performance equations, G 1 (u, C, E, c) and G 2 (E, c) (Eqs. (10) and (11)), were optimized by a genetic algorithm using 625 points and 25 points, respectively.
3. A MATLAB optimization tool (fmincon) is utilized to find the minimum reliability index b HL and the corresponding design point (u * , C * , E * , c * ) using the condition G (x) 0 with G (x) from step 2. The design point is then transferred to a numerical model for the result verification.
A remarkable advantage of the use of the genetic algorithm is that it moves in a search space with more possible solutions. Successful use of the genetic algorithm depends on how quickly and accurately it converges to the optimal solution while avoiding local minima because it requires a long time to reach the optimal solution. However, in cases where there are a large number of variables, the major drawback of the genetic algorithm is that it requires a relatively large amount of computing time to search the solution space before the solution is finally attained. In our case study, the number of variables is 9, and the calculation time is less than two minutes. For this reason, the selection of this optimization method remains relevant.
Numerical results
The performance function approximations are given in Eqs. (10) and (11). They are governed by 9 coefficients (a i ) and 5 coefficients (b i ) for the settlement and the bending moment, respectively. For example, the values of the 9 coefficients (a i ) corresponding to the performance state surface (Eq. (10)) were determined in the case of normal and non-normal variables, correlated and uncorrelated, with a stress release ratio k d equal to 0.65 and an acceptable maximum settlement v max of 10 mm, 20 mm and 30 mm.
After 100 runs, the best obtained results of the GA optimization approach show that the best combination of parameter values to simultaneously optimize the performance function using Eq. (10) is: MSE = 2.4e À3 with: a 1 = 1.7025, a 2 = À1.0155, a 3 = À0.1102, a 4 = 0.9994, a 5 = 0.0703, a 6 = 0.7453, a 7 = À0.0035, a 8 = 1.0728, and a 9 = 0.0085.
In the case of uncorrelated normal variables, the reliability index is obtained after convergence. Values of b HL equal to 1.211, 2.089 and 2.437 were respectively obtained for v max = 10 mm, 20 mm and 30 mm. These reliability indexes correspond to 11.282%, 1.834% and 0.738%, respectively, as the failure probability (pf), using the FORM approximation. Table 4 also provides the values of the reliability indexes of the four variables and the design points.
A good way to validate the convergence of the algorithm is to consider the value provided by the model at the design point; the numerical model provides a settlement for the case of uncorrelated normal variables v = 10.24 mm, 19.92 mm and 30.14 mm as compared with the acceptable maximum settlement of 10 mm, 20 mm and 30 mm. Table 4 presents the reliability index b HL and the corresponding design point for different values of the surface settlement v max . Two calculations were carried out with and without correlation between the shear strength soil parameters.
The RSM optimized by a genetic algorithm provided a very satisfactory convergence performance limit and induced more accuracy for the reliability index. Optimizing genetic algorithm polynomial functions of the response surface makes it easier for the construction of the response surface to converge and improves the accuracy of the approximation. This optimization permits a reduction of the computation time by eliminating the successive iterative method used by the classical method RSM (Low 2005) .
The transformation of non-normal random variables at normal random variable standards is concise and practical to perform further analysis of the reliability based on RSM.
Reliability index, design point and partial safety factors
The stress release coefficient k d used in the calculation for the surface settlement case varies between 0.5 and 0.7. For the bending moment, it varies between 0.3 and 0.55. These ranges are different because their larger influence is not located in the same range (Do et al. 2014 ). Table 5 shows the results in terms of reliability indexes, design points (u * , C * , E * and c * ), and partial factors for different values of the stress release coefficient k d . The calculations were performed for several cases: normal variables, non-normal variables, and whether the variables were correlated or not. Three values for v max (10 mm, 20 mm and 30 mm) were studied. The reliability indexes and partial factors decrease with the stress release coefficient. The results in terms of reliability indexes are also shown in Fig. 9 (v max = 10 mm) .
Settlement
A negative correlation between the shear strength variables leads to a consistently higher reliability index. It is the same to a lower extent when considering non-normal variables.
For example, for a stress release coefficient equal to 0.55, a comparison of the results of correlated variables with those of uncorrelated variables shows that the reliability index corresponding to uncorrelated variables is smaller than that of negatively correlated variables. For the same stress release coefficient, the reliability index decreases by approximately 25% if one considers non-normal variables. It can be concluded that the simplifying assumption of considering normal uncorrelated variables is safe compared to more complex probabilistic models. It can therefore lead to uneconomical designs.
The values of interesting engineering reliability indexes (that is to say, for 2 < b HL < 4) shows that taking into account non-normal variables has an influence on the value of b HL . This observation is related to the fact that normal and non-normal variable distribution functions differ in the zones of the different design points obtained.
It is observed that the use of a higher maximum settlement (20 mm or 30 mm) instead of 10 mm substantially increases the reliability index (Fig. 11) . A less discriminating design criterion makes it possible to artificially increase the reliability of a system.
The random variables u, C, and E and the random variable c have reverse effects on the behavior of the model. For example, a higher settlement is induced by the reduction of u, C, or E, while the value of c increases.
The coordinates (u * , C * , E * and c * ) of the design points obtained for different stress release coefficients can give an idea of the partial factors F u , F c , F E and Fc of each soil characteristic, expressed as follows: Table 4 Reliability indexes and design points -stress release ratio k d = 0.65. Factors are also provided in Table 5 for each stress release coefficient. For uncorrelated variables, the partial factors are even lower with the increase of the stress release coefficient, and they tend towards almost 1 for the limiting case. In the case of negatively correlated variables, it is sometimes observed that the value of C * slightly exceeds the average value of C, leading to partial safety factors F c that are lower than 1, and a large security factor for u is obtained. This remark is due to the negative correlation between the variables C and u. This correlation implies that, if the value of C is low (relative to its mean), then the u value will probably be high. For this reason, a partial safety factor lower than 1 for cohesion does not necessarily indicate failure, as long as the u partial safety factor is high. This conclusion is similar to that made before the same observation by Youssef Abdel Youssef Abdel Massih et al. (2008) and Mollon et al. (2009a) , Mollon et al. (2009b) .
From the reliability indexes obtained by RSM, the FORM approximation directly provides failure probability values, which are presented in Fig. 10 . The comments already made for reliability indexes remain the same. Taking into account a negative correlation between C and u and (to a lesser extent) the used bounded laws instead of the normal laws significantly reduces the failure probability, all things being equal. The assumptions of normal Table 5 Reliability index, design point and partial safety factors for settlements. and uncorrelated laws are quite safe. It is observed that the probability of failure is much more sensitive to the variations of the internal friction angle than of other soil parameters.
Lining bending moment
The random variables used to calculate the reliability of the surface settlement do not have the same significant effects on the lining bending moment. Only the variables E and c have a significant effect on the bending moment values.
The statistical parameters of the variables used are shown in Table 3 . Table 6 presents the results in terms of reliability indexes, design points and partial safety factors. Two cases were studied: normal and non-normal variables with a maximum bending moment M max prescribed as equal to 100 kNÁm. The reliability indexes and partial factors increase as the stress relaxation coefficient increases. The reliability index values are presented in Fig. 12 . The nonnormality of random variable distribution laws has no impact on the reliability index.
The stress release coefficient k d has a significant influence on the probability of the two failure modes investigated: surface settlement and lining bending moment. By definition, the overall stability of the tunnel is to establish a minimum value for surface settlements, which results in a maximum lining bending moment. This means that engineers cannot take into account only one of these outputs (settlement or bending moment) but instead must consider both for each design. In urban sites, due to the possible damage to buildings, engineers will have to limit the settlements and then will have to design the lining so that it resists the induced bending moments.
Conclusion
The main conclusions of this paper can be summarized as follows:
1. The main input parameters that influence the surface settlement are the friction angle, Young's modulus, cohesion and soil unit weight. Considering the lining bending moment, only the Young's modulus and soil unit weight have an influence. The characterization of these parameters must therefore be done carefully to improve the design reliability of tunnel linings. 2. The use of a genetic algorithm to optimize the unknown parameters of the performance function is very effective; the genetic algorithm optimization permits the computation time to be reduced by eliminating the successive iterative method used by the classical method RSM (Low, 2005) . In practical cases where there are a large number of random variables, the proposed method requires a relatively large amount of computing time to search the solution space and will not be efficient. It would be interesting to use more complex methods, such as sliced inverse regression-based sparse polynomial chaos expansion (Pan & Dias, 2017a) or the adaptive Support Vector Machine (Pan & Dias, 2017b) . 3. The assumption of negatively correlated shear strength parameters was found to be conservative with respect to uncorrelated variables. For strength parameter uncorrelated shear values (u * , C * , E * and c * ), the design points are smaller than their respective mean values and increase with the stress release coefficient k d . Therefore, the partial safety factors F u , F c , F E and F c increase with the decrease of the stress release coefficient. For a negative correlation between shear strength parameters, values of C * slightly above average can be found for some k d values. 4. The failure probability for the settlement is much more sensitive to the variations of the soil friction angle and Young's modulus than to that of other soil parameters. 5. For small values of surface settlement, the index of reliability is small and induces a very high failure probability, which indicates the vulnerability of this structure 6. The simplifying assumption of considering normal variables is safe compared to more complex probabilistic models (non-normal variable). It can lead to uneconomical designs. 7. The stress release coefficient k d has a significant influence on the probability of the two failure modes that have been investigated: surface settlement and lining bending moment. The value of this empirical parameter thus must be chosen carefully.
